The enzymatic degradation of lignocellulosic biomass such as apple pomace is a complex process influenced by a number of hydrolysis conditions. Predicting optimal conditions, including enzyme and substrate concentration, temperature and pH can improve conversion efficiency. In this study, the production of sugar monomers from apple pomace using commercial enzyme preparations, Celluclast 1.5L, Viscozyme L and Novozyme 188 was investigated. A limited number of experiments were carried out and then analysed using an artificial neural network (ANN) to model the enzymatic hydrolysis process. The ANN was used to simulate the enzymatic hydrolysis process for a range of input variables and the optimal conditions were successfully selected as was indicated by the R 2 value of 0.99 and a small MSE value. The inputs for the ANN were substrate loading, enzyme loading, temperature, initial pH and a combination of these parameters, while release profiles of glucose and reducing sugars were the outputs. Enzyme loadings of 0.5 and 0.2 mg/g substrate and a substrate loading of 30% were optimal for glucose and reducing sugar release from apple pomace, respectively, resulting in concentrations of 6.5 g/L glucose and 28.9 g/L reducing sugars. Apple pomace hydrolysis can be successfully carried out based on the predicted optimal conditions from the ANN.
Introduction
The production of biofuels from lignocellulosic wastes has received attention from researchers around the world (Dashtban et al. 2009; Del Rio et al. 2012; Garcia-Aparicio et al. 2011) . Biofuels can reduce the world's dependency on non-renewable fossil fuels, which also causes environmental pollution, global warming and conflict in some regions of the world (Dashtban et al. 2009; Garcia-Aparicio et al. 2011; Himmel et al. 2007; Merino and Cherry 2007) . Lignocellulosic biomass is heterogeneous and insoluble and requires multiple enzymes working in synergy for its degradation (Dashtban et al. 2009; Teeri 1997) . Apple pomace, a waste product from the apple juice industry, is a potential lignocellulosic feedstock for the production of biofuels and biorefinery chemicals (Gama et al. 2015) . Apple pomace is composed mainly of cellulose, pectin and hemicellulose, which can be converted to sugar monomers and other value-added products using multiple enzymes working in synergy (Bhushan et al. 2008; Gama et al. 2015; Joshi and Attri 2006; Parmar and Rupasinghe 2013) . Enzymes required for the degradation of the cellulose component include cellobiohydrolases, endo-glucanases and b-glucosidases (Teeri 1997) . Pectin degradation requires enzymes such as methyl esterase, acetyl esterase, pectate lyase, pectin lyase, endo-polygalacturonase, exopolygalacturonase, arabinase and galactanase (Gama et al. 2015; Voragen et al. 2009 ), while degradation of hemicellulose requires enzymes like endo-xylanases, bxylosidases, xyloglucanases, as well as possible debranching enzymes. Commercial enzyme cocktails are available which act on lignocellulosics, with different cocktails optimised for different substrates (Gama et al. 2015; Parmar and Rupasinghe 2013) .
The commercial production of biofuels is hampered by enzyme and pretreatment costs with the saccharification step being the most rate limiting step (Lynd et al. 2008; O'Dwyer et al. 2008) . Optimising the process conditions for conversion of lignocellulosic substrates to sugar monomers will improve the economic feasibility of commercial biofuel production. Reliable kinetic models, therefore, need to be developed to facilitate selection of optimal process conditions. Enzyme kinetics is influenced by the interplay of a number of factors, whose effect should be assessed together. The main parameters that affect enzymatic hydrolysis of lignocellulose biomass are enzyme and substrate concentrations and hydrolysis conditions such pH, temperature and time (Bansal et al. 2009; Gan et al. 2003; Gupta et al. 2012 ). However, taking into account all these factors at once is a complex task, especially for heterogeneous substrates like apple pomace, a waste product from the apple juice industry. These factors make the modelling of enzyme kinetics in these complex substrates difficult and poorly understood (Al-Zuhair 2008; Andric et al. 2010b; Kadam et al. 2004; Sousa et al. 2011) . Most models are able to explain hydrolysis during the initial stages of hydrolysis, but not at the later stages, where the rate of reaction slows down due to end-product inhibition, mass transfer limitations, inactivation of the enzymes and unproductive adsorption of enzymes on the substrate (Bommarius et al. 2008; Sarkar and Etters 2004; Zhang et al. 1999) . A number of kinetic models to predict enzymatic hydrolysis of biomass have been developed and reviewed in the literature which include Michaelis-Menten models; empirical models; mechanistic models; models accounting for adsorption; models for soluble substrates; functionally based and structurally based models (Bansal et al. 2009; Sousa et al. 2011; Wang et al. 2011) .
Empirical models use a small number of parameters to understand the initial rate of hydrolysis and how it is affected by different conditions e.g. temperature, pH, enzyme, substrate properties and time (Bansal et al. 2009 ). Empirical models are easy to understand due to the small number of parameters that are considered and are therefore suitable for industrial application (Bansal et al. 2009; Holtzapple et al. 1984) . Empirical models have some drawbacks, e.g. they have limited use outside the conditions under which they are developed and do not fully describe the reaction mechanisms involved in the enzyme-substrate interaction (Wang et al. 2011) . Large empirical data in complex systems involving many parameters can be modelled using an artificial neural network (ANN), which is a computational mathematical network, which has been used in fields like engineering, medicine and food industry (Bhotmange and Shastri 2011; Kalogirou 2000; O'Dwyer et al. 2008; Wang et al. 2011 ). ANN has also been used in modelling lignocellulose biomass hydrolysis-for example in the simultaneous saccharification and fermentation (SSF) of sugarcane bagasse using temperature, initial pH and fermentation time data (Ezhumalai and Thangavelu 2010; Sasikumar and Viruthagiri 2010) . O'Dwyer et al. (2008) used ANN to successfully predict the effect of acetyl and lignin contents and crystallinity indices on the digestibility of poplar wood. ANN was also successfully used to model the effect of pretreatment conditions (temperature, time, solid content and sulphuric acid concentration) on glucose production from biomass (Sousa et al. 2011) . Glucose yield from sugarcane bagasse using different loadings of cellulase and b-glucosidase was predicted by Rivera et al. (2010) . Zhang et al. (2010) used ANN to better predict glucose concentration by considering three hydrolysis parameters; substrate concentration, cellulase concentration and hydrolysis time.
The advantage of ANN is that it allows for rational optimisation of variables and processes using reduced data in situations where there is insufficient detailed knowledge of the underlying process and formulation of a reaction mechanism is not possible as compared to traditional empirical models (Bhotmange and Shastri 2011; Nodeh 2012) . Complex interactions of variables can be evaluated at the same time as more data can be analysed at a time by ANNs (Bhotmange and Shastri 2011; Sousa et al. 2011) . ANNs offer enormous potential in complex systems such as the bioconversion of lignocellulose (Nodeh 2012; O'Dwyer et al. 2008; Sasikumar and Viruthagiri 2010) .
The aim of this study was to develop an artificial neural network to predict optimal hydrolysis conditions for glucose and reducing sugar production from apple pomace using commercial enzyme preparations, Celluclast 1.5L, Viscozyme L and Novozyme 188. The focus was on the main factors that influence apple pomace hydrolysis such as change in substrate loading, enzyme loading, temperature and pH over time in a batch reactor system. It was envisaged that these parameters were important for an industrial bioreactor process. Predicting optimal conditions for apple pomace hydrolysis successfully is of paramount importance for the design of efficient and cost-effective hydrolysis of apple pomace which will reduce capital and operational costs for the production of biofuels and biorefinery chemicals.
Materials and methods

Substrate and enzymes
Apple pomace was prepared from Golden delicious apples that were obtained from a local supermarket (His Majesty's Fruit and Vegetables, Grahamstown, South Africa). Apple juice was separated from the pomace by means of a kitchen juicer. The extracted pomace was then homogenised in a blender. Free sugars in the apple pomace were washed off using distilled water and excess water squeezed out using a muslin cloth. The prepared apple pomace was stored at -20°C until use. Sodium azide (NaN 3 ) at a final concentration of 0.03% (w/v) was added as a microbial preservative to buffers and apple pomace. The composition of apple pomace was as follows: glucose 22.3%, arabinose 12.5%, galactose 5.1%, xylose 1.1%, galacturonic acid *38% and lignin 19.8%, as previously reported (Gama et al. 2015) .
Three commercial enzyme preparations were used in this study, Viscozyme L (from Aspergillus aculeatus, hemicellulase, arabinase, b-glucanase, cellulase and xylanase activities), Celluclast 1.5L (from Trichoderma reesei ATCC 26921, a cellulase preparation) and Novozyme 188 (a commercial Aspergillus niger, b-glucosidase preparation) all obtained from Sigma (South Africa). Viscozyme L and Celluclast 1.5L were used on a ratio of 50:50 and Novozyme 188 as 10% of the total protein (Gama et al. 2015) .
Sugar analysis
The amount of reducing sugars released from apple pomace after enzymatic hydrolysis were determined as glucose equivalents using a modified 3,5-dinitrosalicylic acid (DNS) assay method (Miller 1959) . The DNS assay was performed as was described by Beukes et al. (2008) using a glucose standard curve. Glucose concentration was estimated using a Megazyme commercial kit (Megazyme, Ireland) according to the manufacturer's instruction manual. The carbohydrates content of apple pomace was determined in our previous work (Gama et al. 2015) .
Enzymatic hydrolysis for the generation of artificial neural network experimental data
Experimental data input for the artificial neural network was generated using varying substrate loading, enzyme loading, initial pH, temperature and a combination of these parameters. Bioreactors were operated in batch mode using 1 L Schott bottles with mixing of the reaction taking place with compressed air, for a period of 100 h. Aliquots of 5 mL were collected at various time intervals and reactions in the samples stopped by heating at 100°C for 5 min. The concentration and yield of the liberated sugars were determined as described above (''Sugar analysis'').
The effect of different apple pomace loadings on enzymatic hydrolysis was determined using final substrate loadings of 5, 10, 20 and 30% (wet, w/v) in deionised water which corresponded to 0.5, 1, 2, and 3% dry weight (dry weight was determined using freeze-drying method). The high viscosity at these loadings precluded the use of higher loadings as mixing became impossible.
Hydrolysis was performed using Viscozyme L-Celluclast 1.5L (50:50) (0.5 lL/mL, 0.038 mg/mL final for each) and Novozyme 188 (0.05 lL/mL, 0.0024 mg/mL). Selection of this ratio was based on optimisation studies that we had carried out. The effect of initial pH on hydrolysis was investigated using unbuffered deionised water and citrate buffer at pH 4.0 and pH 5.0 (0.05 M). The effect of temperature on hydrolysis was determined by using room temperature (22-26°C), 28 and 37°C. The conditions used were based on range of optimum activities of the enzyme mixtures and also the need to employ costeffective methods (Gama et al. 2015) .
Finally, the effect of total enzyme loading was evaluated using Viscozyme L and Celluclast 1.5L (50:50) loadings of 0.12, 0.2, 0.4 and 0.6 mg protein/g apple pomace (wet w) and 10% protein loading of Novozyme 188 in deionised water. Apple pomace, 20% (wet, w/v) was used as substrate. The interactive effect of various hydrolysis conditions was evaluated using various combinations of substrate loading, enzyme loading, temperature and pH. The rest of the procedures were as described above.
Construction of artificial neural network
The experimental data generated from ''Enzymatic hydrolysis for the generation of artificial neural network experimental data'' were used for the supervised learning and training of the various neural networks using Matlab. There were 27 different input vectors, each replicated 3 times, giving 81 columns in the data matrix. Input patterns were 4-dimensional and targets were 6-dimensional each for glucose and reducing sugars. Separate ANNs were constructed for glucose and reducing sugars. There were 6 input patterns for enzyme loading, substrate loading, initial pH, temperature values and a combination of these factors values and 6 target/output variables of glucose/reducing sugars concentration values for 1, 6, 24, 50, 72 and 100 h hydrolysis times.
Each input pattern was a column vector of the form: where p1 is the lower temperature (22 for room temperature, 28 and 37°C), p2 is the upper temperature (26 for room temperature, 28 and 37°C), p3 is the lower pH, p4 is the upper pH, p5 is the enzyme concentration, p6 is the substrate concentration. Each target was a 'release profile' of the form: where t1 is the amount of glucose/reducing sugar after 1 h, t2 is the amount of glucose/reducing sugar after 6 h, t3 is the amount of glucose/reducing sugar after 24 h, t4 is the amount of glucose/reducing sugar after 50 h, t5 is the amount of glucose/reducing sugar after 72 h, t6 is the amount of glucose/reducing sugar after 100 h. These readings were recorded in triplicate and there were 27 columns in the spreadsheet with the readings concatenated into an 18 9 1 vector.
The triplicate outputs for sugar release were perturbed, the first of the input values was kept and the remaining two values were perturbed by a small amount (0.01). As a result 81 different input patterns and associated targets were obtained, which was enough for the ANN to perform reasonably. Multiple layer neural networks with interconnected neurons arranged in layers that are input, hidden and output layers were constructed. Each layer was interconnected by weights (w) and biases (b) which were adjustable, enabling it to model non-linear processes. After experimentation with various architectures, an ANN composed of 20, 20 and 6 neurons in the first, second and third layer, respectively and one output layer with one neuron was chosen for both glucose and reducing sugars. The three transfer functions were tansig, tansig and purelin.
The data set was portioned into train, test, validation sets (2/3, 1/6, 1/6). Training of the ANN was performed using the scaled conjugate gradient (trainscg) training algorithm, first over 1000 epochs and then 500 epochs to check the effect on correlation coefficient, R 2 and mean square error (MSE). After observing that ANN was simulating accurately on the test points, the ANN was then trained on all data. Using a nested loop, the trained neural network was used to simulate on a range of input conditions and the corresponding outputs were stored. Then the input vector which produced an optimal output was found using the max function. A Matlab function, max, was used to sort glucose and reducing sugar outputs and their corresponding input patterns in decreasing order of sugar concentration. The maximum sugar concentrations were plotted to show optimal conditions for hydrolysis. In this study, maximum sugar release when temperature was fixed at room temperature and pH as unbuffered and varying enzyme loadings and substrate loadings were plotted.
Results and discussion
Effect of substrate loading
The effect of various substrate loadings on enzymatic hydrolysis of apple pomace was determined. The amount of glucose and reducing sugars released are shown in Fig. 1 . An increase in substrate loading resulted in an increase in the amount of sugars released. The release of sugars increased linearly at the beginning of the reaction, but the rate decreased with time, similar to results by other authors (Andric et al. 2010c; Bansal et al. 2009; Zhang et al. 1999) . The rapid initial release of sugars can be attributed to high synergy between enzymes as the substrate was modified as well as the availability of easily hydrolysable sites on the substrate. As the reaction proceeds, hydrolysis slows down as there will be changes in substrate structure, with easily hydrolysable substrate getting depleted, enzymes may become adsorbed on residual substrate and lignin, enzymes may become deactivated, end-product inhibition may occur as well as mass transfer limitations, especially at high substrate loadings (Bommarius et al. 2008; Sarkar and Etters 2004; Zhang et al. Fig. 1 Concentration of sugars released at different time intervals for the batch reactor mixed with compressed air at room temperature with different substrate loadings. a (Glucose) and b (reducing sugars). Data points are presented as mean values ± SD (n = 3) 1999). Glucose was released rapidly at the beginning of hydrolysis at low substrate loading (Lu et al. 2010) . The fast rate of glucose release may be due to the removal/ hydrolysis of the first layer of cellulose (Gan et al. 2003) . Other sugars like arabinose, galactose as well as galacturonic acid might have been released first before glucose, contributing to the difference in pattern between reducing sugars and glucose (Gama et al. 2015) . The results for reducing sugars showed that at higher substrate loadings, the initial rate of reaction was faster, hence the higher production of sugars in agreement with Gan et al. (2003) . Shorter hydrolysis times were required for low substrate loadings as compared to longer hydrolysis times for high substrate loading, which was in agreement to reported work on CMC and corn stover using cellulase (Al-Zuhair 2008; Lu et al. 2010 ). This may be due to high initial viscosity at high substrate loadings which poses mass transfer limitations, resulting in a low conversion efficiency (Ioelovich and Morag 2012; Lu et al. 2010; Mussatto et al. 2008; Sarkar and Etters 2004) . End-product inhibition on cellulases by cellobiose was avoided by supplementing b-glucosidase using Novozyme 188 (Teeri 1997) . High substrate loading results in increased sugar concentration, which assisted in lowering capital operational costs associated with reduced reactor volume, reduced energy costs and ethanol separation (Hodge et al. 2009; Lu et al. 2010; Zhang et al. 2010 ). However, the limitation of high solids is that more energy is required for mixing and there is a build-up of residual solids. Substrate loadings beyond 30% (wet w/v) could not be mixed using compressed air.
Effect of enzyme loading
The effect of enzyme loadings on enzymatic hydrolysis of apple pomace was established. The amount of glucose and reducing sugars released are shown in Fig. 2 . There was an increase in sugar concentration with an increase in enzyme loading and time. Sugar release was high at the initial stages of hydrolysis and began to plateau after 50 h for glucose and 24 h for reducing sugars. The initial reaction rate was faster and greater at higher enzyme loading and a higher amount of sugars was released as compared to low enzyme loadings. This may be due to high enzyme to substrate ratio at high enzyme loading resulting in higher conversion efficiency (Rosgaard et al. 2007) . At low enzyme loadings, all hydrolysis sites on the substrate are not yet saturated, and the degree of synergy is normally low. Almost similar amounts of sugars were released at enzyme loadings of 0.4 and 0.6 mg enzyme/g substrate, which may due to the enzymes having reached the saturation point. There may also be enzyme jamming beyond saturation point as enzyme molecules interfere with each other (Andric et al. 2010a; Bommarius et al. 2008; Rosgaard et al. 2007 ).
It has been reported by some researchers that enzyme concentration had a more significant impact than substrate concentration on the release of sugars, which was in agreement with results obtained in this study (Mussatto et al. 2008; Rosgaard et al. 2007; Vasquez et al. 2007 ).
Influence of temperature
The effect of temperature on hydrolysis was investigated at room temperature, 28 and 37°C. The amount of glucose and reducing sugars released by each treatment were as shown in Fig. 3a, b , respectively. At high incubation temperatures the initial reaction rate was high compared with low temperatures. However, the amount of sugars released after 100 h was almost the same. The amount of glucose released was 4, 3.9 and 4.2 g/L and reducing sugars, 18, 17.7 and 16.8 g/L at 37, 28°C and room temperature, respectively after 100 h hydrolysis. Previous results indicated that both Celluclast 1.5L and Viscozyme L had temperature optima of 50°C, but Celluclast 1.5L maintained a high activity even at 20°C and Viscozyme L at temperatures above 25°C (results not shown). High temperatures were not used in this study in order to reduce energy input, while also maintaining conditions suitable for simultaneous saccharification and fermentation (SSF), and consolidated bioprocessing (CBP), which often use temperatures between 30 and 37°C (Andric et al. 2010a; Van Dyk and Pletschke 2012) . Using low temperatures lowers energy costs for an industrial process as less or no heating will be required.
Influence of pH
The effect of initial pH on hydrolysis was investigated using an unbuffered system, pH 4.0 and pH 5.0. Figure 4a , b show the amount of glucose and reducing sugars (including galacturonic acid) released overtime. An unbuffered system was chosen so as to reduce the cost of the process. Surprisingly, the use of an unbuffered system resulted in the release of higher amounts of sugars than the buffered system. At pH 5.0 more glucose was released than pH 4.0, but it was the opposite for reducing sugars. The amount of glucose released was 3.4, 4.1 and 4.2 g/L and reducing sugars, 15, 13.8 and 16.8 g/L using citrate buffer at pH 4.0, pH 5.0 and an unbuffered system, respectively after 100 h hydrolysis. The initial pH for the unbuffered system was around pH 5.0 and dropped to around pH 3.2 after 100 h. The results indicated that the initial pH as well as change in pH as the reaction progresses was important for the hydrolysis of apple pomace. The change in pH as the reaction progress may result in some enzymes in the commercial mixtures being inhibited, while others may display enhanced or stimulated at different pH values. The decrease in pH could be mainly as a result of galacturonic acid release (Gama et al. 2015) . Our previous results indicated that the optimum pH for Celluclast 1.5L and Viscozyme L was between pH 4.0 and pH 5.0, but both maintained high activities between pH 3.0 and pH 6.0 due to the different optima values for the different enzymes present in the commercial enzyme cocktails (Gama et al. 2015) . It has also been demonstrated in our previous work Fig. 3 The amount of sugars released at different time intervals for the batch reactor mixed with compressed air at different temperatures with 20% (wet, w/v) apple pomace and enzyme loading of 0.2 mg/g substrate. Unbuffered deionised water was used in the reactions. a (Glucose) and b (reducing sugars). Data points are presented as mean values ± SD (n = 3) Fig. 4 The amount of sugars released at different time intervals for the batch reactor mixed with compressed air at different initial pH conditions with 20% (wet, w/v) apple pomace and enzyme loading of 0.2 mg/g substrate. Hydrolysis was performed at room temperature. a (Glucose) and b (reducing sugars). Data points are presented as mean values ± SD (n = 3) that the pectin and hemicellulose components of apple pomace are hydrolysed first, thereby opening up the structure for cellulose hydrolysis (Gama 2014; Gama et al. 2015) . Using an unbuffered system in industrial applications could be very advantageous and lead to reduced costs.
Interactive effect of different hydrolysis parameters
The effect of a combination of different parameters on enzymatic hydrolysis of apple pomace was investigated, including some substrate and enzyme concentrations as well as pH and temperature values which were not used in the experiments above (''Effect of substrate loading'', ''Effect of enzyme loading'', ''Influence of temperature'', ''Influence of pH''). The amount of sugars released over time was as shown in Fig. 5 . The results indicated that substrate and enzyme loading were the most important parameters for apple pomace hydrolysis. A high amount of sugars were released when the reactions were performed at room temperature in an unbuffered system using high substrate and enzyme loadings (up to the optimum). The results indicated that hydrolysis of apple pomace was influenced by the interaction of different parameters, though to a different magnitude. The obtained results were similar to what was reported by Vasquez et al. (2007) on hydrolysis of sugarcane bagasse: that enzyme loading had the highest effect followed by temperature, when they considered the effect of pH, percentage solids, enzyme loading and temperature. There was less significant effect on hydrolysis as a result of interaction of factors and pH had less effect compared with other variables in the range considered. The difference with the results obtained in this work may be related to different substrates and the range of parameters used. In the work by Parmar and Rupasinghe (2013) , pH, temperature, time and enzyme dosage were shown to be significant for the release of sugars from apple pomace using a combination of Celluclast 1.5L, Pectinex 3XL and Novozyme 188. Though the same substrate was used, the enzymes used were not all the same and the range of values for the parameters used were also different.
ANN
The ANN for both glucose and reducing sugars were successfully trained. The input parameters (e.g. temperature, pH, enzyme and substrate loadings and a combination of these parameters) that provided the most valuable information for apple pomace hydrolysis were selected for the development of the ANN model. The selection of the most appropriate parameters for ANN modelling is considered of paramount importance for prediction of the hydrolysis process (Puig-Arnavat et al. 2013; Rivera et al. 2010 ). The constructed ANN was assessed for its accuracy for generalisation and predictive ability using R 2 value and MSE values for the outputs. The ANN fitted values during training were compared with the experimental data and the fit accuracy was high as indicated by the R 2 value of 0.99 and small MSE value for reducing sugar concentrations on all the data. The model was successful in predicting sugar release from apple pomace. The values for ANN prediction for sugar concentration were very close to the experimental values (Fig. 6) , further confirming the successful training and predictive ability of the developed ANN. It has been reported in literature that ANNs are flexible as new data can be added anytime giving fitting (Bhotmange and Shastri 2011; O'Dwyer et al. 2008; Rivera et al. 2010; Sousa et al. 2011; Wang et al. 2011) .
After predicting values accurately, ANN model was used to determine the optimum hydrolysis conditions for apple pomace by varying substrate and enzyme loadings and fixing temperature at room temperature and pH as unbuffered. These conditions were selected based on the results from the experimental data (''Influence of temperature'', ''Influence of pH''). The sugar concentration release profiles were sorted according to sugar concentrations using the Matlab max function. The maximum glucose and reducing sugar concentrations profiles were then used to generate surface area plots (Fig. 7) . The optimal substrate loading for both glucose and reducing sugars release was 30% (wet w/v), but enzyme loading was different, 0.5 mg/g substrate for glucose release and 0.2 mg/g substrate for reducing sugars. The maximum glucose concentration was 6.5 g/L and reducing sugars 28.9 g/L after 100 h. An increase in substrate loading resulted in an increase in sugar release, however substrate loadings above 30% (wet w/v) could not be used in this study due to difficulties in mixing (''Effect of substrate loading''). The maximum enzyme loading did not result in maximum sugar concentrations. Enzyme loadings below and above the optima resulted in lower sugar concentrations (''Effect of enzyme loading''). Minimum enzyme loading is important for cost-effective biofuel production (Lynd et al. 2008; Rivera et al. 2010; Zhang et al. 2010 ).
The enzyme loading used for industrial application will depend on the targeted product. The reducing sugars component includes sugars such as arabinose, galactose and xylose as well as galacturonic acid (Gama et al. 2015) . The released sugars together with galacturonic acid can be used for biofuel production as well as production of biorefinery chemicals e.g. xylitol, sorbitol (Boluda-Aguilar et al. 2010; Bhushan et al. 2008; Van Dyk et al. 2013) . Substrate and enzyme loadings had an interactive effect on the release of sugars and were the most influential parameters for apple pomace hydrolysis. The results from this study indicate that ANN can be used to simulate apple pomace hydrolysis and predict sugar release. Most of the developed models by researchers were based on cellulases action on cellulose or pretreated substrates to produce glucose and cellobiose and have not been adequate to explain lignocellulose hydrolysis (Bansal et al. 2009; Hodge et al. 2009; Sousa et al. 2011) .
It has been reported that ANN needs fewer experiments, is not affected by experimental design and is flexible as it can predict values from the unseen/unmeasured data (Rivera et al. 2010; Wang et al. 2011; Zhang et al. 2010 ). However, the limitation of ANN is that it cannot explain the interactive mechanism between the enzyme and the substrate (Brown et al. 2010; Sousa et al. 2011; Wang et al. 2011 ). However, this underlying mechanism is approximated by the ANN.
Conclusions
A number of parameters influence enzymatic hydrolysis of apple pomace such as temperature, initial pH, enzyme loading, substrate loading and time of hydrolysis. ANN model was successfully developed using the most significant parameters. ANN managed to correctly simulate and predict non-linear data such as apple pomace hydrolysis and can be used for determining the optimal hydrolysis conditions. Enzyme loadings of 0.5 and 0.2 mg/g substrate and a substrate loading of 30% were optimal for glucose and reducing sugar release from apple pomace, respectively. The developed ANN can be used for process optimisation and control. The ability to predict optimal sugar concentrations is important for the design of a cost-effective process for apple pomace hydrolysis. The results of this study indicate that other hydrolysis conditions can be successfully modelled using the ANN. It can therefore be concluded that ANN can be successfully applied in complex systems like lignocellulose hydrolysis.
